be not enough to ensure introduction of time-lapse microscopy 2 .
Suboptimal embryos can be euploid, while embryos of good morphological quality may be aneuploid. 2, 7, 8 Pre-implantation genetic testing for aneuploidy (PGT-A) 9, 10 is another approach to examine chromosomal profiles, but it is an invasive method for the embryo and is relating to ethical debates. Some countries forbid the transfer of an embryo after biopsy. The profile of the chromosome of the biopsied sample does not always indicate the profile of the rest of the sample because the embryo might have genetic heterogeneity.
Mosaicism in the trophectoderm (TE) was found. A single biopsy for TE may not represent the complete TE. 11 There is a report that classifiers using artificial intelligence applied toward an image of a blastocyst implanted later had a potential to predict the probability of live birth. 12 Thus, there have been no established procedures to predict live birth.
Age is one of the most critical factors in sterility. 13, 14 The number and quality of oocyte decrease as age advances. Patients older than 35 years should receive fast evaluation for the reason of sterility. 15 Women older than 40 years should ensure more immediate evaluation 16 . An aged oocyte shows dysfunction of cellular organelles and increase in chromosomal abnormality. 17 Advanced age is a risk factor for female sterility, miscarriage, and stillbirth. 18 The delivery rate categorized by age (<35, 35-37, 38-39, 40-41, 42-45 years old) affects the developmental speed of the embryo significantly (P < 0.0001). 19 The live birth rates associated with ART of patients in <35, 35-37, 38-39, 40-41 , and ≥42 years old were 0.20, 0.17, 0.12, 0.08, and 0.01, respectively, by the Japan Society of Obstetrics and Gynecology in 2015. 20 Thus, age is one of the most critical factors in fertility, and there are no standard procedures to treat blastocysts or patients by age. Thus, we reported our system with an application of deep learning in a convolutional neural network [21] [22] [23] [24] with artificial intelligence (AI), which was applied to blastocyst images classified by age to explore a means of meeting this study by noninvasively predicting live births. 25 Deep learning becomes popular among machine learning methods including logistic regression, 26 naive Bayes, 27 nearest neighbor, 28 neural network, 29 random forest, 30 and deep learning.
AI can generate the confidence score that is a probability showing the estimated value of belonging to the live birth category. The score can be recognized as a blastocyst ranking. This approach will make it easier for physicians and embryologists to select better blastocysts.
We here demonstrate the retrospective predictions of live birth by using the multivariate regression function in combination with a conventional embryo evaluation (CEE) method that includes clinical information, observation, and grading of the morphological features of blastocysts and is applied with AI to blastocysts images categorized by age. In this article, we demonstrate the advanced outcome by introducing the multivariate regression function defined as the combination method and by investigating the optimal cutoff points of the receiver operator characteristic (ROC) curves generated by AI, CEE, and the combination method, respectively. We present the feasibility of the combination method to predict the probability of accomplishing a live birth.
| MATERIAL S AND ME THODS

| Patients and data preparation
This study was approved by the Institutional Review Board (IRB) at Okayama Couples' Clinic (IRB no. 18000128-05) and was performed with explanations to the patients and a Web site with additional information with an opt-out option. A total of 5691 blastocysts obtained from patients from January 2009 to April 2017 with fully deidentified data were enrolled. All of blastocysts were tracked.
Whether the outcome was a live birth or a non-live birth was confirmed. All data were divided into training datasets and test datasets randomly at a ratio of 4 to 1 (Figure 1 ).
| CEE
Every blastocyst with the morphological features and clinical information, such as maternal age, body mass index, time of in vitro fertilization, time of embryo transfer, FSH value, anti-Müllerian hormone value, blastocyst grade on day 3, embryo cryopreservation day, blastomere number on day 3 after insemination, grade of TE, grade of inner cell mass, antral follicle count, average diameter of the blastocyst, existence of oviduct infertility, existence of endometriosis, existence of immune sterility, insemination procedures, ovarian stimulation methods, refractile body, sERC grade, degree of blastocyst expansion, existence of a vacuole, male body mass index, and male age, were pursued to assess the outcome of live birth or non-live birth. The information above is defined as CEE in this study. 25 This information was provided by embryologists and doctors who were engaged in clinical practice for at least twenty years and were thought to be specialists who carried out the standardized laboratory practice related to embryo morphology assessment according to the international consensus meeting in 2011. 31 The relationships between live birth and each factor in the CEE were examined, and then, we obtain univariate regression functions.
The significant factors without multicollinearity, indicating a state of strong correlations among the independent variables, were chosen in the multivariate analysis. Then, a multivariate regression function for the CEE to predict live birth was obtained.
| Blastocyst images
An image of the blastocyst was captured on about at 115 hours or 139 hours if the blastocyst was not yet large enough after insemination. The image was saved and deidentified, containing no data, which could be used to identify the person. The images were sent to the AI system offline. The images were classified by maternal age into five categories of patients who were <35, 35-37, 38-39, and 40-41, or ≥42 years old. The numbers of non-live births and live births were 1389 and 876, respectively, in the <35 group; 863 and F I G U R E 1 A flowchart for making classifiers 381, respectively, in the 35-37 group; 545 and 164, respectively, in the 38-39 group; 674 and 130, respectively, in the 40-41 group; and 633 and 36, respectively, in the ≥42 group. The probabilities of live birth for the age groups <35, 35-37, 38-39, 40-41 , and ≥42 years old were 0.387, 0.306, 0.231, 0.162, and 0.054, respectively. The images of blastocysts which resulted in live births and those of blastocysts which resulted in miscarriages and resulted in non-live births were used to create the AI classifiers. 25 
| Preparation for AI
All of images that were deidentified were transferred to the AI system offline. Each image was cropped to a square and then saved in 100 × 100 pixel size. Eighty percent of the training dataset was used as the AI training dataset. The rest of the dataset was defined as the validation dataset. Thus, the AI training dataset, validation dataset, and test dataset were not overlapped. The AI classifier was trained by an AI training dataset with simultaneous validation and then tested with the test dataset. The training datasets were augmented, because the blastocyst image processing of the arbitrary any degrees of rotation can yield to images resulting in the different vector data of the same category. 25 
| AI classifier
AI classifier programs in each age category were developed. The classifiers consisted of convolutional neural networks 32 that attempted to imitate the visual cortex of the brain of the mammals [21] [22] [23] [24] [32] [33] [34] [35] [36] [37] and L2 regularization 38, 39 to acquire the probability for predicting either live birth or non-live birth. 25 We conducted deep learning with a convolutional neural network of 11 layers consisting of convolution layers with various kernel sizes [40] [41] [42] and output channels, pooling layers, [43] [44] [45] [46] flattened layers, 47 linear layers, 48, 49 rectified linear unit layers, 50, 51 and one softmax layer. 52, 53 The softmax layer generated confidence score that was the probability of a live birth ( Table 1 ). We used cross-validation. [54] [55] [56] The suitable number of images for the training data was studied by evaluating variances and accuracy using the fivefold cross-validation method ( Figure 1) :
First, the test data consisted of the initial twenty percent of the data collected in each category, and a classifier was trained. Next, the test data were changed to the next twenty percent of the data. We (1 + Exp(β 0 + β 1 x 1 +β 2 x 2 )); β 0 , β 1 , β 2 : coefficients, were developed to predict the probability of live birth. The area under the receiver operator characteristic curve (AUC); the optimal cut-point value corresponding to the point with the lowest distance to the upper-left corner of the ROC curve 57 ; and the sensitivity, specificity, and accuracy of AI, CEE, and the combination of AI and CEE were obtained.
| Development environment
The environment for development used in this study was as fol- 
| Statistics
Mathematica 11.3 was used for statistical analyses.
| RE SULTS
The The variables demonstrated in Table 3 were acquired using the formulae in Table 2 . The results demonstrated that the age seemed to be the most important because the P-value of the age was the minimum, as shown in Table 3 . When the ten values were substituted into the multivariate logistic regression function, the calculated value was the predicted probability of live birth by the CEE.
Prior to creating the best AI classifier, the best numbers of the training dataset were determined to be 18 120, 17 910, 8505, 7716, and 12 840 in the groups <35, 35-37, 38-39, 40-41, and ≥42 years old, respectively, in this study. 25 Then, the best values in the L2 regularization were determined to be 0.01, 0.0005, 0.01, 0.0001, and 0.00015 for the groups <35, 35-37, 38-39, 40-41, and ≥42 years old, respectively. Next, the best AI classifiers were obtained. The best image size was 50 × 50 pixels. It took 0.15 seconds/image to classify and generate the confidence score.
Next, the multivariate regression functions in combination with CEE and with AI applied to the blastocyst images of patients categorized by age, which were defined as combination methods, were obtained as shown in Table 4 . The AUC values for predicting live birth accomplished by the CEE/AI/combination methods were 0.6 51 ± 0.027/0.634 ± 0.027/0.655 ± 0.027, 0.697 ± 0.037/0.688 ± 0.
TA B L E 2 Univariate regression functions of the CEE parameters for predicting the probability of live birth
Independent variables Formulae Coefficients
Age k/(1 + Exp(β 0 + β 1 x)) β 0 = −10.742 ± 4.106 (P = 0.0089)
Times of embryo transfer
Anti-Müllerian
Hormone (ng/ml) and ≥42 years old, respectively, as shown in Figure 2 and Table 5 .
The AUC values of the CEE/AI/combination methods were 0.745 ± 0.069/0.726 ± 0.075/0.773 ± 0.088 (mean ± SD), respectively.
There were no significant differences between CEE, AI, and com- in Figure 3 and Table 5 . There were no significant differences in any of the methods with respect to the sensitivities in each age category except age <35 years old. In the age category of <35 years old, the sensitivity of the AI was significantly lower than that of the combination method (P = 0.019, by the chi-square test in Figure 4 and Table 5 . There were no significant differences in any of the methods with respect to the specificities in each age category except age <35, 40-41, and ≥42 years old. In the age of <35 years old, the specificity of AI was significantly higher than that of the combination method (P = 0.0014, by the chi-square test). In the age category of 40-41 years old, the specificity of the combination TA B L E 4 Coefficients of logistic regression, y = 1/ (1 + Exp(β 0 + β 1 x 1 + β 2 x 2 )), that show the probability of live birth as a function of the CEE score and of the confidence score that is the AI-generated predicted probability for live birth from a blastocyst image method was significantly higher than that of CEE (P = 0.049, by the chi-square test). In the age category of ≥42 years old, the specificity of CEE was significantly higher than that of the combination method Figure 5 and 40-41, and ≥42 years old, respectively, as shown in Figure 6 and 
| D ISCUSS I ON
Here, we developed new multivariate logistic functions in combination with both the CEE and the AI that we had previously published 25 with improvement for predicting live birth in patients categorized by age, as shown in Table 4 . The AUC values for predicting live birth accomplished by the CEE/AI/combination methods are shown in Figure 2 and Table 5 .
Although there were no significant differences in each age category, the combination method showed the best predictive results in each category. There seems to be no comparable study for predicting live birth. However, in terms of the AUC from pre-implantation genetic screening, there is a report that a prediction model classifying embryos into low-, medium-, or high-risk categories achieved an AUC of 0.74. 58 The AUC values of the combination method, especially for ages ≥38 years old in this study, were better. The AUC values of the combination method for age ≥40 years in this study were higher than 0.8, indicating good predictive results.
The sensitivities at the optimal cut-point of the CEE/AI/combination methods are shown in Figure 3 . There were no significant differences among all methods for sensitivities in each age category except age <35 years, at which the sensitivity of the AI was significantly lower than the combination method. The sensitivities of AI were lower than those of the combination method in other age categories, although these values were not significantly different. The Notes: The value of the CEE was a function of multivariate logistic regression with no multicollinearity of conventional laboratory and clinical factors to predict the probability of live birth. The value of AI was a confidence score that was the AI-generated predicted probability for live birth from an image of the blastocyst in patients categorized by age. The value of the combination was a function of multivariate logistic regression with CEE and AI as described in Table 4 . The optimal cut-point of live birth was the value corresponding to the point with the lowest distance to the upper-left corner of the receiver operator characteristic (ROC) curve. 62 The accuracies, sensitivities, and specificities were obtained by using cut-points. classifiers. Therefore, more datasets of blastocysts that result in live births might improve the sensitivity.
The specificities at the optimal cut-point of the CEE/AI/combination methods are shown in Figure 4 . There were no significant differences among the CEE, AI and combination methods for specificities in each age category except age <35, 40-41, and ≥42 years old. In the age category of <35 years old, the specificity of the AI was significantly higher than the combination method. In the age category of 40-41 years old, the specificity of the combination method was significantly higher than the CEE. In the age category of ≥42 years old, the specificity of the CEE was significantly lower than the combination method. These complicated results suggest that many and various morphological feature types of blastocysts result in non-live births. Therefore, more datasets of blastocysts that result in non-live births might improve the specificity.
The sensitivity plus specificity-1, known as Youden's index, 59 is a statistic value that is useful for the performance of a dichotomous diagnostic test and is often used in ROC analysis. The value of sensitivity plus specificity provides equal weight to false-negative and false-positive values. Therefore, we investigated the sensitivity plus specificity. The sensitivities plus specificities at each optimal cutpoint of the CEE/AI/combination methods are shown in Figure 5 .
The sensitivities plus specificities of the combination method were higher than those of the CEE or the AI in all age categories. The combination methods seemed to be the best from the viewpoint of the performance of a dichotomous diagnostic test.
The accuracies to predict live birth accomplished by the CEE/ AI/combination methods are shown in Figure 6 . There were no significant differences among all methods for accuracies in each age category except the category of age ≥42 years, in which the accuracy of the CEE was significantly higher than the combination method, probably because the specificity of the CEE, 0.922, was
The sensitivity for predicting live birth achieved by conventional embryo evaluation (CEE), artificial intelligence (AI) applied to blastocyst images from patients categorized by age and a combination method with CEE and AI. There were no significant differences in all methods for sensitivities in each age category except age <35 years. In the age category of <35 years, the sensitivity of the AI was significantly lower than that of the combination method (P = 0.019, by the chi-square test). The sensitivity significantly increased as a function of age in all methods because the P-values in the CEE, the AI, and the combination method were 0.01248, 0.0623, and 0.00453, respectively, by the Cochran-Armitage test. AI, artificial intelligence; CEE, conventional embryo evaluation; CEE + AI, combination method with CEE and AI. * P < 0.05
The specificity for predicting live birth achieved by conventional embryo evaluation (CEE), artificial intelligence (AI) applied to blastocyst images from patients categorized by age and a combination method with CEE and AI. There were no significant differences in all methods for specificities in each age category except age <35, 40-41 and ≥42 years. In the age category of <35 years, the specificity of the AI was significantly higher than the combination method (P = 0.0014, by the chi-square test). In the age category of 40-41 years old, the specificity of the combination method was significantly higher than the CEE (P = 0.049) by the chi-square test. In the age category of ≥42 years old, the specificity of the CEE was significantly higher than that of the combination method (P = 0.001, by the chi-square test). The specificity significantly increased as a function of age in all methods because the P-values in the CEE, the AI and the combination method were 1.577 × 10 −8 , 3.721 × 10 −5 and 2.216 × 10 −8 , respectively, by the Cochran-Armitage test. AI, artificial intelligence; CEE, conventional embryo evaluation; CEE + AI, combination method with CEE and AI. * P < 0.05; ** P < 0.005
The specificity plus specificity for predicting live birth achieved by conventional embryo evaluation (CEE), artificial intelligence (AI) applied to blastocyst images from patients categorized by age and a combination method with CEE and AI. The sensitivity plus specificity significantly increased as a function of age in all methods because the slopes of linear regression were more than zero in the CEE/AI/combination methods with P-values of 0.0288/0.0199/0.0091, respectively, by linear regression analysis. AI, artificial intelligence; CEE, conventional embryo evaluation; CEE + AI, combination method with CEE and AI superior to that of the other methods and the incidence of non-live birth was 94.6%. If a test with high specificity will be applied to a dataset in which the incidence of a negative result is close to one, the accuracy will be very high. Therefore, we believe the superiority of CEE in terms of the accuracy for age ≥42 years should be acceptable as data bias. The live birth rate for each transfer was reported to be 0.668 based on some clinical factors, such as body mass index. 60 There is another study reported that the TE grade is the single statistically significant independent factor to predict live birth and the live birth probabilities of TE grade A, B, and C are 0.499, 0.339, and 0.080, respectively. 61 The accuracies of the combination method we obtained were superior to the accuracies in these reports. Attention should be paid to the fact that the prediction of the probability of live birth cannot reach 1.00 because there are clinical disincentives to accomplish live birth that the AI classifiers cannot detect, such as uterine factors 60 (eg, uterine myomas, 62 intrauterine adhesions, 63, 64 and endometrial polyps 65 ); endometriosis 66 ; ovarian function 67 ; oviduct obstruction 68, 69 ; immune disorders, 70, 71 maternal diseases such as diabetes mellitus, 72 and chronic endometritis 73, 74 ; and the uterine microbiota 75, 76 ).
The more advanced the age, the greater was the value of the AUC, sensitivity, specificity, sensitivity plus specificity, and accuracy in the function of the CEE, AI, and combination methods, and this trend was significant. Because the morphological findings in CEE are not modified by age, we believe that the phenomenon could be partially derived from the appropriate selection of the optimal cutoff point of the multivariate regression functions of the CEE parameters and of the confidence score of the AI. In particular, because the incidence of live birth decreases as age advances, lowering the optimal cutoff point could improve the accuracies and the values of the sensitivity plus specificity. In our previous work, 25 in which the cutoff points were set at 0.5 and were derived from the logistic regression model for binary data, the accuracies, sensitivities, and specificities were lower than those in the present study, in which the optimal cutoff points were lower than 0.5 ( Table 5 ). As such, the improve- We would like to improve the AI, which would result in an improved combination method. Improvements in the architecture of the network and the hyperparameters used for training would be able to create the classifiers better, despite some of the clinical disincentives to accomplish live birth. The following neural networks have made progress: LeNet 80 in 1998, AlexNet 81 in 2012, GoogLeNet 82 in 2014, ResNet 83 in 2015, and Squeeze-and-Excitation networks 84 in 2017. We previously tested ResNet with modification for our dataset, but the result was inferior to the neural network architectures we created in this study (data not shown). The AI for image recognition is still being developed. We believe that we may need more varied patterns of images for datasets. Usually, 500-1000 images may be required for each class with deep learning. 85 Such a large number of datasets for each age category will improve the value of AUC, sensitivity, specificity, and accuracy of the classifier with deep learning.
It is also considered to investigate the image size, 85, 86 the appropriate number of training datasets, the appropriate timing after insemination to capture images, and the regularization values for further study to improve the accuracies and to avoid overfitting [87] [88] [89] [90] [91] [92] that is an error that occurs when a classifier is too fit to a limited set of data. It would be better to study other parameters, such as informa- It is thought that this AI will be useful in reproductive medicine.
Although further or advanced study may be required for validation, this system indicates that this combination method would be feasible and may offer profits to both medical workers as well as patients.
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